Persuasive messages are abundant in modern society and take a variety of forms, from public service announcements to political campaign slogans to product advertisements. These messages target different decisions, but they are all intended to influence the choices made by individuals. The question of how to persuade people to make more rational, adaptive decisions is an urgent one. The rise of cognitive and affective neuroscience suggests a new approach to the study of persuasion: Just as advancing our understanding of the molecular basis of pharmaceuticals has led to the development of more effective medicine, so too may advancing our understanding of the neural basis of persuasive messages lead to the development of more effective interventions for behavior change. To pursue this approach, we used the Iowa Gambling Task (IGT; Bechara, Damasio, Damasio, & Anderson, 1994) , with positively and negatively framed informative messages about the nature of the choice alternatives, in a rapid event-related f MRI design (see Figure 1 ). Our primary focus was on determining the brain areas that underlie the influence of informative messages on choice during decision making under uncertainty.
The influence of messages on choice behavior is a phenomenon distinct from that of decision making per se. The critical issue is that a message is an independent communication, separate from the presentation of choice alternatives. Although the neural basis of decision making has been studied extensively, relatively little is known about the brain regions involved specifically in the influence of informative messages on decision making. There have been recent studies of the effects of political messages (Kato et al., 2009) , brand identity (McClure et al., 2004) , and expert endorsement (Klucharev, Smidts, & Fernández, 2008) , but these studies have been focused on changes in attitudes rather than changes in choice behavior, and behavioral and stated preferences need not be correlated (McClure et al., 2004) .
Although there is a paucity of functional-imaging data, behavioral work and supporting theory suggest that the effectiveness of persuasive messages depends, at least in part, on their alteration of the appraised risk of available options (Rothman & Salovey, 1997) . Furthermore, it is well established that risk appraisals during choice are important to human decision making. Two regions that may be key to risk appraisal are the anterior insula (AI) and the anterior cingulate cortex (ACC) (e.g., Behrens, Woolrich, Walton, & Rushworth, 2007; Brown & Braver, 2007; Fukui, Murai, Fukuyama, Hayashi, & Hanakawa, 2005; Paulus & Frank, 2006; Preuschoff, Quartz, & Bossaerts, 2008) .
The AI and the neighboring inferior frontal operculum (IFO) have typically been considered together as a single module involved in the representation of abstract and subjective feeling states (Craig, 2002) . Recent proposals have suggested a significant role for affect in risk appraisal during decision making (Bechara & Damasio, 2005; Loewenstein, Weber, Hsee, & Welch, 2001 ). Activations have been identified in the AI during decision making (Lin, Chiu, Cheng, & Hsieh, 2008) and for bad decisions compared with good decisions (Lawrence, Jol- 
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The neural mechanisms underlying the influence of persuasive messages on decision making are largely unknown. We address this issue using event-related fMRI to investigate how informative messages alter risk appraisal during choice. Participants performed the Iowa Gambling Task while viewing a positively framed, negatively framed, or control message about the options. The right anterior insula correlated with improvement in choice behavior due to the positively framed but not the negatively framed message. With the positively framed message, there was increased activation proportional to message effectiveness when less-preferred options were chosen, consistent with a role in the prediction of adverse outcomes. In addition, the dorsomedial and the left dorsolateral prefrontal cortex correlated with overall decision quality, regardless of message type. The dorsomedial region mediated the relationship between the right anterior insula and decision quality with the positively framed messages. These findings suggest a network of frontal brain regions that integrate informative messages into the evaluation of options during decision making. Supplemental procedures and results for this article may be downloaded from http://cabn.psychonomic-journals.org/content/supplemental. difference is, the less likely participants are to choose the risky options. We refer to this difference in activation for risky relative to safe options as the risk effect. Also note that although the term risk anticipation has been used to describe the mental process represented by the risk effect (e.g., Fukui et al., 2005) , we will use the term risk appraisal to emphasize that although potential outcomes are being anticipated, risk itself is being calculated. These findings lead us to hypothesize that the effectiveness of messages in improving choice behavior will be correlated with the increase in the risk effect in the AI and ACC in the presence of informative messages relative to in their absence.
If we do find evidence for modulation of the risk effect correlated with message effectiveness in the AI and ACC, a follow-up issue will be the relative roles of these two areas. The framework provided by Craig (2002) conceives of the AI as limbic sensory cortex feeding into the ACC as limbic motor cortex. Furthermore, the somatic marker hypothesis suggests that the AI is involved in the representation of how potential adverse outcomes would feel, whereas the ACC is involved in guiding decision making away from actions leading to those outcomes (Bechara & Damasio, 2005) . These ideas are consistent with known anatomical pathways from the AI to the ACC (Barbas & Pandya, 1989) . On the basis of this work, we hypothesize that modulations of risk appraisal due to informative messages in the AI are integrated into the decision-making process in the ACC. This hypothesis lends itself to evaluation with mediation analysis (Wager, Davidson, Hughes, Lindquist, & Ochsner, 2008) .
An important factor bearing on the effectiveness of messages in changing choice behavior is how they are lant, O'Daly, Zelaya, & Phillips, 2009), and AI activation has correlated with predicted risk and the error in those predictions (Preuschoff et al., 2008) . In addition, greater AI activation precedes decisions to avoid risk (Kuhnen & Knutson, 2005) , and, in substance abusers, hypoactivity in the AI during decision making under uncertainty predicts later relapse (Paulus, Tapert, & Schuckit, 2005) .
In the ACC, as in the AI, activations have been identified during decision making and for bad decisions compared with good decisions (Fukui et al., 2005; Lawrence et al., 2009 ). More generally, greater ACC activity correlates with more normative decision making (Paulus & Frank, 2006) , and performance-monitoring processes in the ACC are critical to learning the likelihood of an error (Brown & Braver, 2005) and the potential consequences of risky behavior (Brown & Braver, 2007 . These findings are consistent with work implicating the ACC in predicting undesirable outcomes (Brown & Braver, 2005 and driving risk aversion (Magno, Foxe, Molholm, Robertson, & Garavan, 2006; Paulus & Frank, 2006) . In substance abusers, increased risk taking is associated with hypoactivity in the ACC (Fishbein et al., 2005) ; conversely, in obsessive-compulsive disorder, long-term hyperactivity of the ACC leads to inappropriate, excessive effort to avoid mistakes (Gehring, Himle, & Nisenson, 2000) .
To the extent that informative messages influence the appraised risk for a chosen option, this work collectively suggests that the AI and the ACC are likely places to observe these effects. Indeed, in both the AI (Paulus, Rogalsky, Simmons, Feinstein, & Stein, 2003) and the ACC (Fukui et al., 2005) , larger activations are correlated with the selection of risky relative to safe options, and the larger this mediate gains into opposition with long-term cumulative outcomes.
We refer to the bad decks as being riskier than the good decks. This designation of riskiness merits discussion, because the definition of risk is contested in the literature. In the economics and neuroeconomics literature, it generally refers to the variance of a known distribution (e.g., Knight, 1921; Preuschoff, Bossaerts, & Quartz, 2006) , but it often carries the competing meaning of the possibility of adverse outcomes in other literature, including the decision sciences and health psychology (e.g., Brown & Braver, 2007 Rothman & Salovey, 1997; Saaty, 1987; Yates, 1992) . As an illustration of the distinction, an option could yield a wide range of possible monetary gains but no losses and could therefore entail risk in the sense of variance but no risk in the sense of possibility of loss.
The IGT decks vary along multiple dimensions of both probability and magnitude of reward and punishment Dunn et al., 2006) . In particular, the bad decks are riskier whether risk is defined as the possibility of adverse outcomes or as variance. Specifically, although the probability of a loss is similar between the good and bad decks, the bad decks nevertheless entail both a higher magnitude of potential losses and a higher variance in the outcome payoffs. This allows us to investigate the neural correlates of message effectiveness during decision making under uncertainty without committing to a particular definition of risk.
MeThoD Participants
We recruited participants from the student body of Indiana University, Bloomington. They were required to be at least 18 years of age, to be right-handed, and to meet standard health and safety requirements for entry into the magnetic resonance imaging scanner. They were paid $25/h for participation, plus performance bonuses based on points earned during the task. Although 44 participants began the study, the data from 27 participants (mean age 5 22.1 years, age range 518-28 years, 13 female) were used in all of the reported analyses. Imaging was not initiated for 2 participants because they did not meet all of the participation and safety requirements, 2 elected to quit the study while it was in progress, data collection failed for 4 because of equipment malfunctions, 8 were excluded from the analysis because of transient spike artifacts in the imaging data caused by an equipment malfunction, and 1 was excluded because of a lack of trials in one cell of the design.
Design and Procedure
After receiving verbal instructions and completing separate individual difference measures for another study, the participants completed a few trials of the control condition of the IGT to become familiar with the task and the manner of response. During fMRI data collection, the participants performed the IGT for three blocks of 100 trials each. For each block, a different hint message was presented to the participants. The message was a control message ("Some decks are better than others"), a positively framed informative message ("Decks C and D give more in the long run"), or a negatively framed informative message ("Decks A and B give less in the long run"). The messages are qualitative, not quantitative in their informational content, but this also makes them more realistic, because persuasive messages in applied fields such as health communications are rarely quantifiable (Rothman & Salovey, 1997) . The order of the messages was counterbalanced across participants. framed (Rothman & Salovey, 1997) . The framing of messages is related to but distinct from the framing of options used by Tversky and Kahneman (1981) to reveal the classic framing effects. In message-framing manipulations, the participant already has a set of available options whose framing is not altered. Instead, messages are altered to emphasize positive or negative aspects of those options. Typically, certain options are preferred to others, and the framed messages are evaluated on the basis of their effectiveness in increasing selection of the preferred options (O'Keefe & Jensen, 2007) . These frames are commonly referred to either as positive and negative frames or gain and loss frames. We use the terms positive and negative to avoid confusion with the classic framing of options.
The mechanisms and influence of framing on the effectiveness of messages is an important, complex, and unresolved question in the field of health behavior change (O'Keefe & Jensen, 2007) . Although findings are equivocal about differences in the overall relative effectiveness of positively and negatively framed messages, the fact that differences have been found on the individual level suggests that framing may alter the underlying neural mechanisms even if it fails to be revealed in behavior at the population level. Intriguingly, gain versus loss framing of the options in a decision leads to differential ACC activity during decision making (De Martino, Kumaran, Seymour, & Dolan, 2006) . To the extent to which a cognitive neuroscience approach can provide new insight into the neural basis of message effectiveness, message framing is an important factor with well-defined applications for improving public health.
We use the IGT as the context for studying the effectiveness of positively and negatively framed messages. The IGT is a model of real-world decision making under uncertainty (Bechara, Damasio, Tranel, & Damasio, 1997) . Despite being criticized on various counts Chiu et al., 2008; Dunn, Dalgleish, & Lawrence, 2006; Lin, Chiu, Lee, & Hsieh, 2007) , the IGT has been used extensively to study and model decision making in both clinical (e.g., Bechara et al., 1994; Bechara et al., 2001 ) and nonclinical (e.g., Suhr & Tsanadis, 2007; Wetzels, Vandekerckhove, Tuerlinckx, & Wagenmakers, 2010) populations (for a review, see Vorhold, 2008) and in functional neuroimaging studies (Fukui et al., 2005; Lawrence et al., 2009; Lin et al., 2008; Northoff et al., 2006) . We used temporal jittering to allow separate estimation of brain activation for decision making and for outcome evaluation (Dale, 1999) , since our focus here is specifically on the time of choice. Activations related to decisions versus outcomes have been confounded in previous studies (e.g., Fukui et al., 2005; Lawrence et al., 2009 ).
In the IGT, initially naive participants repeatedly choose from one of four card decks, each with a different payoff schedule, and receive a monetary reward or punishment for each selection. The stated goal for the participants is to maximize total monetary reward. Two good decks have positive expected value, and two bad decks have negative expected value. However, the typical win is larger for the bad decks than for the good decks, putting potential im-free induction decay for three blocks of 360 whole-brain volumes (echo time [TE] 5 25 msec, repetition time [TR] 5 2,000 msec, flip angle 5 70º) with 33 axial slices (64 3 64 grid, 3.44 3 3.44 3 3 mm voxels, interleaved order, 3-mm thickness, 1-mm spacing). A structural scan was collected using three-dimensional TurboFLASH imaging with nonselective excitation (TE 5 3.93 msec, TR 5 2,300 msec, flip angle 5 12º) with 160 sagittal slices (512 3 448 grid, 0.5 3 0.5 3 1.0 mm voxels, 1-mm thickness). Functional volumes were checked for transient spike artifacts, and the participants whose data sets contained unacceptable numbers of spike artifacts were excluded from further analysis (see the supplemental materials for details).
Preprocessing was done using SPM5 (Wellcome Trust Centre for Neuroimaging, 2005) with default parameters except where otherwise specified. The structural scan was skull-stripped using BET2 (Péchaud, Jenkinson, & Smith, 2006) . The functional images were slice-timing corrected using Fourier phase-shift interpolation with the first slice as reference and then motion corrected and resliced using least-squares 6-parameter rigid-body transformation. The structural scan was then coregistered with the functional scans using affine transformation and resliced. The images were then normalized and written to Montreal Neurological Institute (MNI) space with 12-parameter affine registration followed by a nonlinear deformation (25 iterations, nonlinear regularization 5 10) with the structural scan as source image and SPM5's MNI Avg152 T1 at 2 mm 3 with associated weighting mask as template. Finally, the normalized images were smoothed with an 8-mm 3 FWHM Gaussian kernel.
Intraparticipant analysis. The first-level analysis of the preprocessed f MRI data was performed using SPM5. A general linear model (GLM) was run for each participant with a canonical hemodynamic response function with no derivatives, a microtime resolution of 16 time bins per scan, a high-pass filter cutoff at 128 sec using a residual forming matrix, autoregressive AR(1) to account for serial correlations, and restricted maximum likelihood (ReML) for model estimation. The model included a constant term, 6 motion regressors using the parameters of the motion correction performed during preprocessing, and 13 event-related regressors to model activation during the decision period and the outcome period.
The decision period for each trial was classified on whether the message for the block was the control (Control), positively framed (Positive), or negatively framed (Negative) message and whether the deck selected was good (Good ) or bad (Bad ). This provided six regressors (ControlGood, ControlBad, PositiveGood, PositiveBad, NegativeGood, and NegativeBad ) plus a seventh regressor ( NoResponse) for trials in which no response was made, regardless of the message. The decision-making events were aligned to the time of response.
The outcome period for each trial was classified on whether a good (Good ) or bad (Bad ) deck was selected and whether the actual outcome was a gain (Win), a draw (Draw), or a loss (Lose). Note that draws were only possible after good decisions because of the design of the decks. This provided five regressors (GoodWin, BadWin, GoodLose, BadLose, and GoodDraw) plus a sixth regressor (NoResponseOutcome) for trials in which no response was made. The outcome events were aligned to the time of presentation of the outcome.
Contrasts of interest were defined for changes in brain activity during the decision-making period. The risk effect was defined as the difference in brain activation associated with choosing a bad deck versus choosing a good deck. For comparison of activations with a framed message versus with the control message, the heightenedrisk effect was defined as the difference in the risk effect for a framed-message block compared with the control-message block. Finally, to determine whether the heightened-risk effect was driven by changes in brain activation associated with good or bad decisions, deck-specific contrasts compared activations between blocks for only good or bad decisions.
Group analysis. The second-level analyses used linear regression on the per-participant measures with ReML estimation During the task, there were four decks of cards, labeled A, B, C, and D from left to right. Two of the decks were considered bad decks: a net-loss/frequent-loss deck, with 50% loss trials, a mean loss of 25 points per trial, a gain of 100 on nonloss trials, and a variance of 18,125; and a net-loss/rare-loss deck, with 10% loss trials, a mean loss of 25 points per trial, a gain of 100 on nonloss trials, and a variance of 140,625. The other two decks were considered good decks: a net-gain/frequent-loss deck, with 50% loss trials, a mean gain of 25 points per trial, a gain of 50 on nonloss trials, and a variance of 781; and a net-gain/rare-loss deck, with 10% loss trials, a mean gain of 25 points per trial, a gain of 50 on nonloss trials, and a variance of 5,625. The bad decks were always adjacent, as were the good decks. For both the bad and the good decks, the frequent-loss deck was always to the left of the rare-loss deck. The order of bad and good decks was counterbalanced across blocks and participants.
The specific sequences of gains and losses for each deck were the same as in the original task design (Bechara et al., 1994) . However, unlike in the original design, each trial outcome was presented as a net gain, draw, or loss; the participant started with an initial sum of 1,000 points; and the entire task was performed on a computer using E-Prime 1.2 (Psychology Software Tools, Pittsburgh, PA).
The participants were instructed to select cards from the decks. They were informed that the goal was to maximize earnings and that they would receive a monetary bonus based on the number of points that they accumulated. They were informed of the 3-sec period in which to make each selection and the running point total at the bottom of the screen. They were told that hint messages would appear at the top of the screen and that following these messages could lead to improved performance. They were told nothing about the order of the decks or how the order might change from block to block.
The timing and presentation of a trial is presented schematically in Figure 1 . The participants' running point total was displayed throughout the block at the bottom of the screen. At the start of a trial, the current hint message and the four decks of cards were presented. The participants had 3 sec to select a deck by pressing one of their middle or index fingers on buttons corresponding in a spatially compatible way to the decks. If the participants failed to respond within 3 sec, the trial was considered a no-response trial. After the response deadline, there was an exponentially distributed delay of 0, 2, 4, or 6 sec. Following the variable delay, a card from the chosen deck was flipped over to reveal the outcome as a negative, zero, or positive point value, and the running total was updated. On no-response trials, the outcome was always a loss of 100 points, in order to encourage the participants to make a choice on every trial. The feedback remained visible for 0.8 sec, after which the message, cards, and outcome were removed for an exponentially distributed intertrial interval of 0.2, 2.2, 4.2, or 6.2 sec before the next trial began. The variable-length delays between choice and outcome and between trials were designed to allow the brain activity associated with the decision period to be estimated separately from that associated with response to the outcome (Dale, 1999) .
Scoring
Decision quality is defined as the normalized difference in the number of selections from good decks and bad decks, with 21 indicating all bad deck selections, 1 indicating all good deck selections, and 0 indicating an equal number of selections from bad and good decks. To compare performance with a framed informative message and with the control message, message effectiveness is defined as the difference in decision quality between trial blocks. Decision quality and message effectiveness are robust against variance in the total number of decisions across blocks and participants and provide a relative measure of the numbers of good and bad decisions independent of the actual points earned.
fMRI Analysis
Image acquisition and preprocessing. Imaging data were collected on a 3.0 Tesla Siemens Magnetom Trio. For each participant, functional BOLD data were collected using echoplanar imaging with common variable (Meng, Rosenthal, & Rubin, 1992) . The PearsonFilon statistic modified to use Fisher's r-to-Z transformation (ZPF) was used when comparing two correlations that did not share a variable but used measures from the same set of participants (Raghunathan, Rosenthal, & Rubin, 1996) .
Mediation analysis. Two analyses were performed using the Mediation Toolbox (Wager et al., 2008) to test hypotheses about mediators of the relationship across participants between brain activity in an ROI and choice behavior with an informative message. In both analyses, the predictor was the risk effect in an ROI during an informative message block, and the outcome was the decision quality in that block. In the standard analysis, the potential mediator was the risk effect in a second ROI, hypothesized to mediate the relationship between the first ROI and choice. In the mediation effect parametric mapping (MEPM) analysis, a whole-brain search was performed, testing the risk effect in each voxel for mediation.
Significant mediation was defined as significance in three tests: indirect path a, relating the predictor and mediator; indirect path b, relating the mediator to outcome controlling for the predictor; and mediation effect ab, indicating that the predictor-outcome relationship is significantly reduced by the mediator (standard analysis, p , .05, using robust regression and bootstrapping with 1,000 samples; MEPM analysis, p , .005, using bootstrapping with 1,000 samples, and three contiguous voxels) (Baron & Kenny, 1986; Wager et al., 2008) .
ReSulTS

Behavioral Results
Decision quality was significantly above chance with the control message (M 5 0.26, SE 5 0.060) [t(26) 5 4.27, p , .0005], indicating that even with the control message, the participants picked more good decks than bad decks. Relative to the control message, decision quality was significantly higher with both the positively framed message (M 5 0.47, SE 5 0.078) [t(26) 5 2.82, p , .01] and the negatively framed message (M 5 0.53, SE 5 0.076) [t(26) 5 3.63, p , .005], indicating that both framed messages were effective in improving choice behavior (see Figure 2A ). Decision quality did not differ between the framed messages [t(26) 5 20.84, p 5 .41].
In order to evaluate whether the influence of the informative messages and the knowledge gained from experiin SPM5. Linear regressions were used because they show that brain activations are predictive of behavioral performance on an individual-by-individual basis. To identify regions whose activity related to choice behavior without informative messages, a correlation was calculated across participants in control-message blocks between decision quality and the risk effect. To identify regions whose activity related to changes in choice behavior due to the informative messages versus the control message, correlations were computed between message effectiveness and the heightened-risk effect. Finally, to identify regions showing a behaviorally relevant risk effect across all messages, correlations were computed between average decision quality across blocks and the average risk effect. The statistical threshold for significance was p , .05, with familywise error (FWE) correction using random field theory. The use of strong whole-brain correction for exploratory correlation analyses renders the recent criticism of correlation measures inapplicable (Lieberman, Berkman, & Wager, 2009) . Solely for visualization in figures, we used a threshold of p , .0005, uncorrected, with maximum color brightness indicating p , .000005, uncorrected, with the further constraint that only voxels contiguous with those passing the p , .05, FWE, threshold were shown. Anatomical labeling within the images was done using the Talairach Daemon (Lancaster et al., 2000) and anatomical automatic labeling (Tzourio-Mazoyer et al., 2002) for reference.
RoI analysis. Follow-up ROI analyses were performed using SPM5 and MarsBaR (Brett, Anton, Valabregue, & Poline, 2002) within significant regions from the group analyses described above. Voxels that passed a whole-brain FWE-corrected threshold stand on their own as significant findings. The ROI analyses were used to illustrate and provide further details about the significant relationships found using the whole-brain voxel-by-voxel tests described above. When the follow-up contrasts are not orthogonal to the contrasts used to identify the ROI, the results are not independent, the effect sizes of these correlations are biased by the selection method, and the values should be considered only a descriptive summary (Lieberman et al., 2009 ).
Regions were defined as contiguous voxels that each passed the p , .05, FWE, threshold. Mean parameter estimates within ROIs are reported as percent magnetic resonance (MR) signal change calculated as the mean magnitude of the event regressor relative to the mean magnitude of the constant term regressor within the region. Follow-up analyses were calculated as the correlation between behavioral measures of decision quality or message effectiveness and neural measures of the risk effect or heightened-risk effect. A threshold of p , .05, uncorrected, was used in significance tests. Steiger's Z was used when comparing two correlations that shared a across participants provide a critical link between neural activity and behavior that is stronger than simple main effects analysis (see Supplemental Figure S1 , Supplemental Table S2 , and the supplemental text for reporting of main effects).
Positively framed message. For the positively framed informative message, there is a significant positive correlation between message effectiveness and the heightenedrisk effect in the right AI (Brodmann area [BA] Figure 3A) . Summary ROI analysis illustrates that within this region, for the positively framed message ence interacted in their effects on decision quality, we ran a three-way within-subjects ANOVA with message, block position within session, and epoch within block as factors. Although all of the main effects were significant, none of the interactions were, suggesting that the effectiveness of the messages was additive with learning from experience within and across trial blocks (see Figures 2B and 2C and Supplemental Table S1 ).
fMRI Results
We focus on between-subjects correlations of behavioral measures and neural contrasts. These relationships the relative riskiness and long-term payoff of the decks came only from the results of past trials within the block, past blocks, and general prior experience.
We sought to further elucidate the roles of the right IFO and the right AI in risk appraisal based on past experience and due to framed informative messages ( Figure 3B ). In the right IFO, the correlation of the risk effect and decision quality with the control message was larger than the correlation of the heightened-risk effect and message effectiveness with the positively framed message (ZPF 5 3.07, p , .005). The converse was found in the right AI (ZPF 5 2.51, p , .05). Furthermore, the correlation of the heightened-risk effect and message effectiveness with the negatively framed message was marginally less than the control message correlation in right IFO (ZPF 5 1.70, p , .1) and significantly less than the positively framed message correlation in right AI (ZPF 5 3.00, p , .005). These results suggest a degree of specialization, with the right IFO more involved in learning to anticipate adverse outcomes from experience and the right AI more involved in anticipating adverse outcomes on the basis of positively framed informative messages. However, caution is warranted for this conclusion because these comparisons were biased in the direction found by the nonindependent selection criteria for the ROIs.
Averaging across messages. Finally, we identified brain areas that may play an integrating role in decision making. We tested for regions showing a positive correlation between the risk effect and decision quality averaging across all three messages. Two brain regions met this criterion: one in the ACC and the dorsomedial prefrontal cortex (DMPFC; BA 6/32, peak voxel: MNI 26, 28, 38) [t(25) 5 8.06, p , .05, FWE] (see Figure 5A) Figure 3D) . In other words, the right AI mediates the relationship between the influence of the positively framed message and the resulting improvement in decision quality.
Within the ROI in the right AI, we found that the correlation between positively framed message effectiveness and the heightened-risk effect was due to an increase in the BOLD activation for bad decisions [r(25) Figure 4) . The difference between these correlations was significant (Steiger's Z 5 3.80, p , .0005). This suggests that the positively framed message improved decision quality by increasing the neural representation of appraised risk in right AI associated with selecting from the bad decks.
Negatively framed message. No brain areas showed a significant positive correlation between message effectiveness and the heightened-risk effect for the negatively framed message. This was the case even when a more relaxed statistical correction ( p , .05), false discovery rate, was used in place of the stringent FWE correction. Only when an uncorrected test was used was an active region identified in the left middle frontal gyrus (BA 6, peak voxel: MNI 220, 22, 62) [t(25) 5 4.49, p , .0001, uncorrected] (see Supplemental Figure S2 ).
Control message. Considering only blocks with the control message, we found a significant positive correlation between decision quality and the risk effect in the right IFO (BA 44, peak voxel: MNI 48, 10, 10) [t(25) 5 7.18, p , .05, FWE] (see Figure 3A) . Within this area, summary ROI analysis illustrates that a greater risk effect is associated with higher decision quality [r(25) 5 .79] (see Figure 3C ). Since the control message does not provide information about specific decks, knowledge about tively framed message and between the ACC/DMPFC and DLPFC and decision quality with all messages. On the basis of these findings and previous anatomical, functional, and theoretical work (e.g., Barbas & Pandya, 1989; Bechara & Damasio, 2005; Craig, 2002; Kerns et al., 2004; MacDonald, Cohen, Stenger, & Carter, 2000) , we hypothesized that the ACC/DMPFC mediates the influence of the right AI on decision quality when the positively framed message is displayed. We tested this directly with standard mediation analyses on positively framed message blocks. As is shown in Figure 6A , the risk effect in the ACC/DMPFC ROI is a significant mediator of the relationship between the risk effect in the right AI ROI and decision quality ( p , .05 for path a, path b, and mediation effect ab, using robust regression and bootstrapping with 1,000 samples). For comparison, we did the same analysis with the risk effect in the left DLPFC ROI as mediator, but this was not significant ( p . .05 for mediation effect ab).
Follow-up ROI analysis in the ACC/DMPFC region illustrated that, averaging across all of the blocks, the greater the risk effect, the higher the decision quality [r(25) 5 .85] (see Figures 5B and 5C ). The correlation of risk effect and decision quality held when considering only the control message blocks [r(25) 5 .42, p , .05] (see Figures 5B  and 5D ). In addition, the correlations of the heightened-risk effect and message effectiveness with both the positively framed message [r(25) 5 .41, p , .05] and the negatively framed message [r(25) 5 .45, p , .05] were significant and of similar magnitude within the ROI (see Figures 5B, 5E , and 5F). These results are consistent with the ACC aggregating risk appraisals from multiple sources of information, including experience and informative messages. Follow-up ROI analysis in the DLPFC region showed similar results (see the supplemental text for details).
Mediation analysis. We found relationships between the right AI and message effectiveness with the posi- pensity to make good versus bad decisions, and message effectiveness, indicating the increase in decision quality when presented with the positively or negatively framed informative message relative to the control message. The participants' decision quality was better with both the positively and negatively framed informative messages than with the control message, indicating that both framed messages were effective and that the participants paid attention to them and incorporated them into the decisionmaking process.
We then addressed how message effectiveness interacted with learning from experience occurring within and between trial blocks. We found that the message effects did not interact with the effects of time within block or of block order, indicating that the informative messages and learning from past trials had independent additive effects on choice behavior. This result suggests that the informative messages did not preempt the decision-making process by causing the participants to cede to experimenter demand but, rather, provided an additional source of information that they incorporated into decision making.
Allowing the participants to learn the riskiness of each deck by experience instead of by being explicitly told the payoff distributions of each deck was desirable, because the participants were less likely to ignore the messages when choosing a deck. Nonetheless, the trade-off of allowing learning as opposed to using explicit prior description of the deck payoff probabilities is that the participants' appraisal of deck risk is colored by their individual differences in reward and punishment sensitivity during learning. In principle, this potentially conflates punishment sensitivity in learning with risk aversion in decision making, but in practice, the two effects may be two sides of the same coin. In any case, this is not a problem for the present study, because the range of preferences for the good versus bad decks simply provides useful variance that we exploit to identify the neural correlates of such individual differences specifically during the decision phase, regardless of the origin of the differences.
heightened-Risk Appraisals Correlated With Positively Framed Message effectiveness
Since the informative messages influenced choice behavior, we sought to identify brain regions associated with these effects. A wide range of recent work suggests a role for risk appraisal in decision making and has begun to uncover its neural basis (Behrens et al., 2007; Brown & Braver, 2007; Fukui et al., 2005; Paulus & Frank, 2006; Preuschoff et al., 2008) . We looked for activity representing the appraised risk of the selected option. Our neural measure of risk appraisal was the risk effect, defined as greater activation when selecting from bad decks rather than good decks. The heightened-risk effect was defined as an increase in the risk effect when presented with an informative message rather than the control message.
As was predicted, we identified a region in the right AI in which message effectiveness was correlated with the heightened-risk effect for the positively framed message. In other words, the greater the enhancement of the risk effect in the right AI, the more effectively the positively However, we did find that the risk effect in the ACC/ DMPFC ROI is a significant mediator of the relationship between the risk effect in the right AI ROI and the risk effect in the left DLPFC ROI (path a, M 5 0.72, SE 5 0.28, p , .01; path b, M 5 0.93, SE 5 0.21, p , .01; mediation effect ab, M 5 0.67, SE 5 0.31, p , .01, using robust regression and bootstrapping with 1,000 samples).
As a follow-up, we performed a whole-brain MEPM analysis searching for voxels that, in positively framed message blocks, significantly mediated the relationship between the risk effect in the right AI ROI and decision quality. A number of brain regions were identified, including the ACC, the posterior cingulate, and the superior parietal lobule ( p , .005 for path a, path b, and mediation effect ab, three contiguous voxels; see Supplemental Table S3 for a full listing of regions). The region with the most significant mediation effect was in the ACC/DMPFC (BA 32, peak voxel: MNI 6, 14, 40) and overlaps with the ACC/DMPFC ROI previously identified (see Figures 6B and 6C) . No identified regions overlapped with the left DLPFC ROI.
excluding Alternative Interpretations
We have ruled out a number of alternative explanations for the risk effects and heightened-risk effects. We list them here, with details in the supplemental text. (1) There is no "prominent deck B" phenomenon hiding a preference for the net-loss/rare-loss deck, so we are justified in grouping the good decks and bad decks together to increase statistical power and simplify the analysis. (2) Additional GLMs demonstrate that the unequal distribution of selections from good and bad decks throughout each block of trials does not account for the risk effect. (3) The results cannot be explained by differences in response time among conditions or participants, because response time is not correlated with risk effects, heightened-risk effects, decision quality, or message effectiveness. (4) ANCOVAs exclude the possibility that differences in the order of message presentation explain the correlations between brain activity and behavior. (5) A rarity-or novelty-based explanation cannot account for the correlation of message effectiveness with the heightened-risk effect. By excluding these potential alternative explanations, risk appraisal remains the most reasonable explanation for our findings of differences in activation for choices from bad and good card decks.
DISCuSSIoN
We used event-related f MRI to investigate the neural basis of how positively and negatively framed informative messages influence choice behavior in the IGT, a task involving realistic decision making under uncertainty (Bechara et al., 1994) .
effectiveness of Messages in Altering Choice Behavior
We first established that the informative messages had the desired positive effect on choice behavior. Our behavioral measures were decision quality, indicating the pro-
lack of Correlations With Negatively Framed Message effectiveness
For the negatively framed message, contrary to our predictions, we did not identify any brain areas in which message effectiveness was significantly correlated with the heightened-risk effect. We did identify a region in the left middle frontal gyrus, but only when we removed the appropriate correction for multiple comparisons. Behaviorally, the negatively framed message was as effective as the positively framed message in improving choice behavior. However, past work suggests that there could be a crossover interaction between message frame and an individual-difference measure such as attitude toward risk, which could lead to the lack of a main effect of message frame despite systematic underlying differences in individuals (Mann, Sherman, & Updegraff, 2004) . This could explain a difference between positive and negative frames, but it does not address the lack of significant findings.
One possibility is that there may have been high variability across participants in the brain regions involved in the improvement in decision quality with the negatively framed message. Individual differences, including gender (Toll et al., 2008) , need for cognition (Steward, Schneider, Pizarro, & Salovey, 2003) , and attitude toward risk (Mann et al., 2004) can interact with the effectiveness of particular message frames. Thus, a hypothesis to pursue in the future is that the brain regions mediating the effectiveness of negatively framed messages differ as a function of these individual-difference measures.
Note that ROI analysis in the ACC/DMPFC region identified by averaging across all messages revealed a significant correlation between message effectiveness and the heightened-risk effect for the negatively framed message. Further experimentation is necessary to determine why we failed to find voxels showing this relationship in the whole-brain search.
Risk Appraisals Correlated With Decision Quality Across Messages
Averaging across all of the messages, we identified regions of the ACC/DMPFC and DLPFC in which decision quality correlated with the risk effect. Within the ACC/ DMPFC region, we found similarly significant correlations between decision quality and the risk effect with the control message and between message effectiveness and the heightened-risk effect for both of the framed messages. This suggests a role for the ACC/DMPFC in integrating risk appraisals due to informative messages with those from other sources of information. This is consistent with a developing account of this region as central to actionrelevant evaluation of risk and its avoidance (Brown & Braver, 2008; Magno et al., 2006; Paulus & Frank, 2006) .
The DLPFC, for which we also found a correlation between decision quality and the neural risk effect across messages, is involved in the implementation of top-down cognitive control over behavior (Miller & Cohen, 2001 ). This has typically been conceived in terms of biasing signals sent to other regions in which action selection occurs. A number of studies support the idea that although the framed message improved choice behavior. This suggests that the AI mediated the influence of the positively framed informative message on choice behavior. Indeed, this analysis equates to a within-subjects mediation analysis with message as the predictor, decision quality as the outcome, and the risk effect in the right AI as the mediator (Judd, Kenny, & McClelland, 2001 ; see the supplemental text for details).
The increased risk effect in the right AI associated with higher decision quality could be due to various changes in activity during good and bad decisions. For example, activation could increase during bad decisions, it could decrease during good decisions, it could do both, or it could even decrease during bad decisions while decreasing even more during good decisions. We found that improvements in decision quality due to the positively framed message were correlated with increases in AI activity when the participants selected from the bad decks but were not associated with a change in activity when the participants selected from the good decks. Thus, even though the positively framed message was focused on the advantages of the good decks, this information was apparently used to appraise the bad decks as more risky by comparison.
This result is consistent with prospect theory, which predicts that the alteration of a reference frame used for risk appraisal will lead to changes in that appraisal (Rothman & Salovey, 1997) . It also provides neural evidence consistent with an idea in the field of health behavior change: In circumstances in which people believe that they have a positive situation to maintain, an effective way to help people appreciate the negative consequences of risky behavior is to emphasize the positive consequences of alternative behavior (Rothman & Salovey, 1997) .
Specialization Within the AI
We identified a nearby region in the right IFO where decision quality is positively correlated with the risk effect in trial blocks using only the control message. This result suggests that the right IFO plays a role in the evaluation of risk on the basis of the history of reward and punishment and other past knowledge of the task and context. The AI and the IFO are often considered a single module involved in the representation of subjective feeling states, because they jointly receive the same afferent connections from subcortical areas and jointly form part of the gustatory cortex (Craig, 2002; Jabbi, Swart, & Keysers, 2007) . However, our findings suggest a partial differentiation of the right IFO and the right AI that warrants further investigation: between internal experience-based risk appraisal in the right IFO and external message-influenced risk appraisal in the right AI. This is also supported by our finding of additive effects of the influence of the framed informative messages and learning from experience on decision quality. Further work will be required to determine whether this differentiation of the AI and the IFO will generalize to other decision-making contexts and messages or is particular to the task and materials used here.
ing of content, with choice behavior as our dependent variable. Future work will be needed to investigate manipulations of source, channel, receiver, and further dimensions of content, and to measure attitude change, which need not be correlated with behavioral preference (e.g., McClure et al., 2004) .
In summary, we have presented evidence that the AI, the ACC/DMPFC, and the DLPFC form part of a network of brain areas underlying improvements in choice behavior due to informative messages by way of heightened risk appraisals (see Figure 6D) . This work provides an initial neuroscientific basis for understanding the effect of persuasive messages on decision making under uncertainty. We hope that in the future, this work will lead to the development of more effective public health campaigns against risky behavior and to a better understanding of message effects on decision making more generally. ACC/DMPFC is more directly involved in the evaluation of risk, the DLPFC is more directly involved in the implementation of top-down cognitive control as a result of that evaluation (Barbas & Pandya, 1989; Kerns et al., 2004; MacDonald et al., 2000) .
A Network for the Influence of Informative Messages on Decision Making
As a final step, we used mediation analysis (Baron & Kenny, 1986; Wager et al., 2008) to confirm our hypothesis that the relationship between the heightened-risk effect in the right AI and positively framed message effectiveness is mediated by the ACC/DMPFC. In contrast, we did not find such a direct role for the DLPFC; rather, the relationship between the right AI and the left DLPFC is also mediated by the ACC/DMPFC. This result suggests that the influence of informative messages on decision making is operating through a network with the AI, as part of a limbic sensory cortex, representing abstract and subjective feeling states, leading to the ACC, as a limbic motor cortex, actively guiding and motivating action (Barbas & Pandya, 1989; Craig, 2002) , with the DLPFC further downstream (Barbas & Pandya, 1989; Kerns et al., 2004; MacDonald et al., 2000) . Messages modulate risk appraisals that are instantiated as "as if " feeling states in the AI and then integrated for action selection in the ACC (Bechara & Damasio, 2005; Dunn et al., 2006) .
limitations and Future Directions
In order to maximize our detection of changes in risk appraisal due to informative messages no matter the particular representation underlying them, we did not discriminate among the many proposed definitions of risk (for examples, see Yates, 1992) . Note that a comparison between the two bad decks would control for expected value while manipulating both variance and adverse outcome probability, but we did not explore messages that discriminated between the two bad decks. However, the neural representation of risk is an important topic in its own right, and a full understanding of how messages interact with risk processing will depend on it. Furthermore, we cannot resolve whether the identified areas show risk appraisals that precede and drive choice behavior or merely follow and reflect it (Dunn et al., 2006) . One fruitful approach may be hidden process models that determine when risk appraisal occurs relative to choice response with high temporal resolution (Hutchinson, Niculescu, Keller, Rustandi, & Mitchell, 2009 ).
We did not find behavioral evidence of an interaction between message effects and learning effects in this study, and we limited our analysis to the period of choice selection. However, in general, informative messages may also affect the experience of outcomes and the learning that results, necessitating their inclusion in an overall understanding of persuasive messages. As a form of social communication, persuasive messages can be considered in the context of Lasswell's (1948) 
